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Abstract 
Background. In public health, interpersonal influence has been
identified as an important factor in the spread of health information,
and in understanding and changing health behaviors. However, little is
known about influence in public health leadership. Influence is impor-
tant in leadership settings, where public health professionals con-
tribute to national policy and practice agendas. Drawing on social the-
ory and recent advances in statistical network modeling, we examined
influence in a network of tobacco control leaders at the United States
Department of Health and Human Services (DHHS).
Design and Methods. Fifty-four tobacco control leaders across all 11
agencies in the DHHS were identified; 49 (91%) responded to a web-
based survey. Participants were asked about communication with
other tobacco control leaders, who influenced their work, and general
job characteristics. Exponential random graph modeling was used to
develop a network model of influence accounting for characteristics of
individuals, their relationships, and global network structures.
Results. Higher job ranks, more experience in tobacco control, and
more time devoted to tobacco control each week increased the likeli-
hood of influence nomination, as did more frequent communication
between network members. Being in the same agency and working the
same number of hours per week were positively associated with mutu-
al influence nominations. Controlling for these characteristics, the
network also exhibited patterns associated with influential clusters of
network members.
Conclusions. Findings from this unique study provide a perspective
on influence within a government agency that both helps to under-
stand decision-making and also can serve to inform organizational
efforts that allow for more effective structuring of leadership.
Introduction
Theories of social influence pervade social science fields. Early
studies of influence by psychologist Solomon Asch demonstrated peo-
ple’s tendency to base their interpretations on the interpretations of
those around them.1 Later work by Milgram found that people in posi-
tions of authority have some degree of influence over their subordi-
nates, even in ethically challenging situations.2 Sociologists have dif-
ferentiated between power and social influence, defining the latter as
change in an individual’s thoughts, feelings, attitudes, or behaviors that
results from interaction with another individual or a group.3 These
changes are often made based on observations of others who are in the
majority, similar to the individual, experts, or otherwise desirable.4
Some research has shown that people may be influenced by their per-
ceptions of the behaviors and attitudes of others, regardless of
whether those perceptions are correct.5,6
Interpersonal influence can facilitate the spread of new ideas or
oppose new ways of doing things.7 Within groups, influence can result
in members of a group developing a shared attitude or norm, thereby
reducing any conflict or uncertainty about a topic among group mem-
bers.8 Influence may also reinforce ideas an individual already holds.9
In public health, interpersonal influence has been demonstrated as
important in the spread of health information10-12 and in explaining or
changing health behaviors and characteristics such as cancer screen-
ing,13 smoking,14-17 adolescent drug and alcohol use,18-21 physical activ-
ity,22 and obesity.20,23 However, little attention, if any, has been paid to
influence among national public health leaders. Influence is important
to understand in public health leadership, where influential individu-
als may facilitate the adoption and diffusion of public health programs,
policies, and resources.Models of influence
Since influence is a relational concept, theories and approaches
that account for the complexity of social ties are important in model-
ing influence.24 Sociological theories such as Rogers’ diffusion of
innovations (DOI)7 and Granovetter’s threshold models of collective
behavior25 have helped explain adoption of new attitudes and behav-
iors as a result of influence stemming from a person’s social ties. DOI
focuses on influential individuals, or opinion leaders, who facilitate
the spread of attitudes and behaviors in a social system. Threshold
models propose that there is a point at which an individual changes
their behavior based on the behavior of a large enough proportion of
others within a group of which they are member. 
Network models have been a useful tool for examining thresholds
and DOI.26-28 Valente identified relational, positional, and central net-
work characteristics as indicators of social influence related to adop-
Significance for public health
Influence can facilitate the spread of new ideas or opposition to ways of
doing things. Influential leaders in government settings may contribute to
how programs and policies are adopted, implemented, and evaluated.
Despite these important characteristics, we know little about influence
among government public health officials. Using a unique approach, we
found that having and sharing certain professional characteristics like job
rank and agency affiliation were associated with influence in the United
States Department of Health and Human Services. Understanding these
influence patterns allows more strategic development of organizational
structures to strengthen national and global public health leadership.
Journal of Public Health Research 2012; volume 1:e12
Article
No
n-c
om
m
rci
al 
us
e o
nly
[page 68] [Journal of Public Health Research 2012; 1:e12]
tion of an innovation.27 According to Valente, relational influence
occurs through links an individual has with others, indirect ties (the
friend of a friend) within the larger system, or joint participation with
others in groups or events. Positional influence occurs when an indi-
vidual shares a similar pattern of links with another person in the net-
work, or is close to another network member. Finally, network central-
ization, or the extent to which a single person or small group of people
is most central to the network, may indicate the presence of influential
opinion leaders. Burt identified structural equivalence, or being in a
similar social position within a network, as a driving factor in the adop-
tion of a new drug across a network of physicians.24,29 Consistent with
the qualities identified by Burt and Valente, Friedkin demonstrated
three structural characteristics associated with influence in a network
of teachers involved in a resolution process in a public school: cohe-
sion, similarity, and centrality.9,30 That is, a teacher who was central
(centrality) to the network was influential; teachers who shared simi-
lar social positions (similarity) within the network influenced one
another; and network members who were part of a well-connected
group influenced one another (cohesion).9,30 In 1998, Friedkin formal-
ized these three structural aspects of influence into structural social
influence theory, which explained social influence as dependent on
three specific structural qualities of network relationships: i) structur-
al centrality; ii) structural similarity; iii) social cohesion.9
Although some studies have examined the structural characteristics
of government and policy networks,31,32 little is known about the struc-
tural characteristics of influence among government professionals in
these networks.32 The goal of this study is to examine influence in a
United States (US) government network of public health leaders. To
this end, we developed a model of influence in a network of 54 employ-
ees in leadership positions in a single policy area (tobacco control)
across all 11 operating agencies (Table 1) of the US Department of
Health and Human Services (DHHS). 
Materials and Methods
Network measures describing the position of a given network mem-
ber have been used in numerous network studies of influence.14,29
While useful in identifying influential network members, these meas-
ures are limited in that they examine characteristics or measures asso-
ciated with influence (e.g., centrality) one at a time. In contrast, to
explain influence in a network using all three components of structur-
al social influence theory, Friedkin (1998) proposed a logistic regres-
sion model incorporating aspects of structural centrality, structural
similarity, and social cohesion to predict interpersonal influence. In
using logistic regression with network data, this approach violates the
assumption of independence of observations unless all variables asso-
ciated with interdependence are included in the model.9 It is difficult to
identify and measure all reasons for interdependency existing in any
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Table 1. Agencies with tobacco control leadership in the United States Department of Health and Human Services (2005).
Agency Full name General description Dedicated office Number included
for tobacco in network
ACF Administration for ACF supports programs that promote the economic and social 
Children and Families well-being of children, families and communities and administers No 2
the state-federal welfare program. 
AHRQ Agency for Healthcare AHRQ provides evidence-based research on health care systems, No 4
Research and Quality health care quality and cost issues, access to health care, 
and effectiveness of medical treatments.
CDC Centers for Disease CDC works with states and other partners to monitor, Yes 12
Control and Prevention develop, and implement disease prevention and health promotion 
strategies designed to improve the health of the people 
of the United States.
CMS Centers for Medicare CMS administers the Medicare and Medicaid programs, No 2
& Medicaid Services which provide health care to about one in every four Americans, 
and is responsible for the State Children's Health Insurance Program.
FDA Food and Drug FDA is responsible for assuring the safety of foods and cosmetics, No 2
Administration and the safety and efficacy of pharmaceuticals, biological products, 
and medical devices.
HRSA Health Resources and HRSA provides access to health care services for people who are No 3
Services Administration low-income, uninsured or who live in rural areas or urban neighborhoods 
with limited health care services.
IHS Indian Health Services IHS works with tribes to provide primary care and public health services No 2
for American Indians and Alaska Natives of more than 550 federally 
recognized tribes.  
NIH National Institutes NIH is the primary agency for conducting and supporting medical research. Yes 16
of Health NIH provides leadership and financial support to researchers in every state 
and throughout the world through 27 institutes and centers.
SAMHSA Substance Abuse and SAMHSA supports the improvement and availability of quality substance abuse No 3
Mental Health Services prevention, addiction treatment, and mental health services.
Administration
OGC Office of the General Council OGC provides representation and legal services to the DHHS and supports No 3
the development and implementation of programs.
OS Office of the Secretary OS is responsible for the management and coordination of programs and No 5
operations of the DHHS that help facilitate achieving the nation’s 
public health mission 
Total Sources: DHHS Website: http://www.hhs.gov/about/whatwedo.html/ 54
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given network. Fortunately, recent advances in network analysis offer
statistical models that can handle multiple terms and which account for
the interdependencies inherent in network data.34-36
One of these advances, exponential random graph (p*) modeling
(ERGM), is a stochastic method that can be used to examine how a sin-
gle observed network differs from a random network. Observed net-
works are typically different from random networks in two major ways:
i) the distribution of links throughout the network; and ii) the pres-
ence of triangle structures (transitivity) in the network. In a random
network, each network member has an equal likelihood of being con-
nected to any other network member and typically all network members
have approximately the same number of links. Observed networks
often have a small group of network members who are highly connect-
ed, while most others in the network have very few links. In addition,
observed networks often include many triangle structures, depicting
the transitive property of the-friend-of-my-friend-is-my-friend. More
complex ERGM models can incorporate properties of overall network
structure, network member attributes, and attributes of relationships
among network members to explain the differences between an
observed network and a random network.37-39 Although ERGM accounts
for the complex interdependencies inherent in networks, it produces
models that are similar in structure and interpretation to a standard
binary logistic regression model. This familiar form and interpretation
makes ERGM an especially accessible and powerful tool for conducting
and reporting inferential network analysis.
While the development of ERGM began in the 1980’s,40,41 the lack of
accessible software to conduct ERGM prevented its widespread use in
applied research until recently. To date the majority of publications uti-
lizing ERGM are focused on developing the theory and methods,39 are
published in journals specific to researchers specializing in social net-
work analysis (e.g., Social Networks), or have the primary goal of
explaining how to conduct ERGM in recently released software pack-
ages.36,37,42-44 Applied articles using ERGM approaches are still relatively
uncommon outside these areas, although there are exceptions.34,45-47 In
public health, ERGM is just beginning to be used to examine topics like
network influences on individual behavior,20 and inter-organizational
collaboration among public health organizations.33,45 In this study we
will use ERGM to examine professional influence among tobacco con-
trol leaders across the Department of Health and Human Services. This
is the first study that we know of to use an ERGM approach to examine
public health leadership. In addition to being an applied use of ERGM
to examine influence among public health leadership, it is important to
note that we are also examining a network comprised of influence
nominations. Most prior public health research examining influence in
social networks has focused on identifying influential individuals
based on their position in networks of informal social ties like commu-
nication6 and friendship, or behavioral ties like needle sharing.48 In
this case, we measured influence in a network of professional ties
among public health leaders by asking network members who in the
network is influential. So, instead of attempting to identify influential
individuals in a network based on their network position (e.g., central-
ity), we begin knowing who is perceived as influential and examine the
contributions of network member attributes and network structures in
explaining these influence nominations.Data collection
In 2005, the lead tobacco control representative from each
Department of Health and Human Services operating agency was asked
to identify: i) individuals most knowledgeable about tobacco activities
in their agency, and ii) other DHHS individuals who were considered
important in tobacco control at Department of Health and Human
Services, had primary responsibility for directing tobacco activities in
their group, or made recommendations to the Department of Health
and Human Services on tobacco policy, practice, or research. This
resulted in 95 total individuals; those with three or more nominations
were retained leaving 54 public health professionals invited to partici-
pate in the survey. Forty-nine participated for a 91% response rate.
Table 1 shows the distribution of participants across agencies.Measures
Four survey questions asked participants about their career and time
at the Department of Health and Human Services: i) How long have you
been employed at your agency? ii) How long have you been in your cur-
rent position? iii) How long has your work included a focus on tobacco?
and iv) How much of your work week is spent on tobacco-related activ-
ities? Participants were also asked questions about working with oth-
ers members of the network. The first relational question, Are you
aware of the following individuals' work regarding tobacco control?,
was followed by a list of all 54 participants and was used as a screening
question. Anyone a participant was aware of was kept in the list for the
subsequent network questions:
Contact frequency: On average, how often have you had personal
contact (e.g., meetings, phone calls, faxes, letters, or emails) with each
of the following individuals within the past year? (Do not count list-
servs or mass emails). Response options: daily, weekly, monthly, quar-
terly, yearly, and no contact.
Influence: How influential has each of the following individuals'
work been on your own tobacco work? Response options: not at all, a
little, somewhat, moderately, extremely.
Finally, job rank (Director or Assistant Director, Branch Chief,
Other) of each individual was collected through archival data. Data management
Prior to developing the statistical models we dichotomized the influ-
ence measure with a cut-off of moderate influence. That is, on the scale
of 0 to 4, all nominations of 3 or 4 were recoded as 1 and nominations
with an influence value of 0, 1, or 2 were recoded as 0. This resulted in
a binary network with directed ties having the values of 1 and 0, where
1 represents at least moderate influence and 0 represents less than
moderate influence. 
Directed networks are networks where A→B and A←B represent
two different links. There are three possible states for the relationship
between A and B in the DHHS directed network: i) no link; ii) a unidi-
rectional link from A to B (A→B) or B to A (A←B) demonstrating that
A nominated B as influential or B nominated A as influential; or iii) a
bidirectional link (AB) demonstrating that A and B have mutually nom-
inated each other as influential. 
Complete data for node attribute measures is necessary for model
development. We were missing five participant responses for two
attributes: i) How long has your work included a focus on tobacco? and
ii) How much of your work week is spent on tobacco-related activities?
We imputed missing values with the mean of individuals from the
same agency with the same job rank.Statistical network modeling
Using ERGM, we predicted the likelihood of an influence nomination
between tobacco control professionals in the Department of Health and
Human Services based on characteristics associated with structural
centrality, structural similarity, and social cohesion. There are several
types of structural centrality that can be measured in a social network.5
Friedkin’s regression model used indegree centrality of a network mem-
ber to measure structural centrality. Indegree centrality is the number
of incoming links a network member has out of the total number of
incoming links they could have. Because the links in the Department of
Health and Human Services network measure influence nominations,
indegree centrality measures the proportion of people in the network
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who nominated a network member as moderately or extremely influen-
tial. 
Structural similarity or structural equivalence indicates the extent to
which two network members share similar positions. Specifically, two
network members are structurally similar if their normative, material,
or interpersonal circumstances in the social structure are similar.9 In the
case of the Department of Health and Human Services network, one
example of a structural similarity (homophily) would be if network
members A and B were both in the same job rank or were both working
for the same agency. Sharing ties to the same people in the rest of the
network is also an indicator of structural similarity. 
Structural cohesion occurs when members of a network share mem-
bership in a tightly linked sub-group (strong component) within a net-
work. Measures of structural cohesion in networks are often defined in
terms of the minimum number of network members in a group that
would disconnect the group if removed.49 However, frequent communi-
cation has also been used as an indicator of structural cohesion, since
those who are in tightly linked sub-groups are likely to communicate
with one another more frequently.9,50
The network model of influence was developed in four steps. First,
we accounted for network member indegree centrality (being nominat-
ed as influential). In the Department of Health and Human Services
network, indegree centrality is, by definition, an indicator of influence.
We examined whether the following characteristics of network mem-
bers were associated with indegree (and therefore influence): agency
affiliation, job rank, length of time in tobacco control, and time per
week spent on tobacco related work. We hypothesized that: 
H1: Network members working in agencies with dedicated tobacco
control offices (Centers for Disease Control and Prevention, National
Institute of Health), with higher job ranks, and spending more time (per
week or overall) in tobacco control are more likely to be nominated as
influential than other network members.
Second, homophily of characteristics, such as sharing the same job
rank, is a material indicator of structural similarity.9 Agency affiliation,
job rank, time in tobacco control, and time spent per week were added
to the model as mutual terms. In a directed network like the
Department of Health and Human Services influence network, mutual
terms account for the frequency with which AB and A B both exist. By
specifying a node attribute in the mutual term, the coefficient for the
mutual term will quantify the extent to which nodes with the same
specified attribute nominate one another as influential. We hypothe-
sized that:
H2: Network members in the same job rank, working for the same
agency, or spending the same amount of time on tobacco control (week-
ly or overall) were more likely to influence one another than people not
in similar positions.
Third, we used frequency of contact as a proxy for social cohesion
since those who communicate more often are likely to belong to a cohe-
sive group.9 We hypothesized that:
H3: Network members communicating with each other more fre-
quently were more likely to nominate each other as influential than net-
work members communicating less frequently.
Finally, global structural network terms were entered into the model to
account for underlying network structures often seen in social systems.
Terms included a geometrically weighted term for the distributions of
indegree (GWIDegree) and another for outdegree (GWODegree), and
two types of clustering (Geometrically Weighted Edge-wise Shared
Partnerships [GWESP], Geometrically Weighted Dyad-wise Shared
Partnerships [GWDSP]). These global terms (pertaining to the overall
network structure) aid in detecting underlying patterns of influence
across the entire network. For example, GWESP accounts for transitivity
in the network. Transitivity, or the friend-of-my-friend-is-my-friend prop-
erty, is seen more often than would be expected by chance in social struc-
tures and was the source of degeneracy for many early statistical network
models. When used with GWESP, GWDSP accounts for the distribution of
open triangles. GWDSP may be considered an indicator of the presence
and amount of structural similarity (or structural equivalence) because
it identifies pairs of unlinked actors who are tied to the same other
actors.36 In accounting for triangles (transitivity), GWESP quantifies
clustering in the network and may be considered an indicator of structur-
al cohesion. Following Goodreau,36 we built the model by first adding
local terms (individual characteristics and frequency of contact between
individuals) followed by global predictors. This allows an assessment of
the role of global structures above and beyond what individual character-
istics and local partnering explain. To examine their relative contribu-
tions, terms representing different aspects of influence were added in
consecutive blocks. Model fit was examined at each step. Although statis-
tical measures of model fit such as the Aikake Information Criterion are
commonly used to compare nested statistical models like these, these
measures rely on independent data and so were not used.51 Instead,
goodness-of-fit (GOF) plots comparing observed network characteristics
to the characteristics of networks simulated based on each model were
used. A GOF percentage was also calculated to quantify the proportion of
observed network measures fitting within the confidence intervals of
simulations based on the models.
Network characteristics
Network size was 54 with 336 influence nominations for a density of
0.12. Indegree, or the number of influence nominations each network
member received, ranged from zero to 29 with a median of 5.5 nomina-
tions. Outdegree, or the number of influence nominations made by
each member, ranged from zero to 28 with a median of four. Figure 1
shows the influence network with arrows representing influence nom-
inations, labels showing agency affiliation, size showing number of
influence nominations, and color depicting job rank. Larger nodes
shown in Figure 1 depict the individuals who received more influence
nominations. Agencies in the network with the highest average job
rank were Office of the Secretary, Centers for Disease Control and
Prevention, Agency for Healthcare Research and Quality, and the Food
and Drug Administration. Because job rank is represented by color in
Figure 1, and darker colors are higher job ranks, these organizations
were represented more often by darker colors. Agencies with employ-
ees having the most experience in tobacco control were the Centers for
Disease Control and Prevention, Indian Health Services, and Health
Resources and Services Administration; agencies where individuals
spent the most time per week on average on tobacco control were the
Centers for Disease Control and Prevention, Indian Health Services,
and National Institutes of Health. Experience in tobacco control was
not demonstrated in Figure 1.
Results
Odds ratios and 95% confidence intervals based on coefficients and
standard errors for all terms in each of the models are shown in Table
2. Graphic and statistical measures of goodness-of-fit measures
revealed that Model 4 was the best fit. Specifically, the goodness-of-fit
percent (Table 2) increased from 61.9% for the null model to 87.6% for
Model 4. The graphic measures of fit can be used to visualize this large
increase; for example, Figure 2 shows the increase in fit for edge-wise
shared partnerships, or shared partners for two linked network mem-
bers, in the four models as a demonstration. Moving from panel 2a to
2d the observed network (black line) measure of edgewise shared part-
nerships increasingly falls inside the 95% confidence interval (gray
lines) for this measure based on network simulations. 
Harris et al.
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Table 2. Statistical models of influence among tobacco control professionals in the Department of Health and Human Services.
(a) Model 1 (b) Model 2 (c) Model 3 (d) Model 4
Local terms OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)
Edges 0.04 (0.02-0.08) 0.03 (0.02-0.04) 0.01 (0.01-0.02) 0.007 (0.004-0.01
Structural centrality (in-degree)
Agency affiliation
ACF 0.23 (0.03-1.70) 0.31 (0.05-1.88) 0.44 (0.06-3.26) 1.56 (0.27-29.67)
AHRQ 0.40 (0.21-0.76) 0.54 (0.28-1.00) .65 (.33-1.25) 1.56 (0.27-9.19)
CDC 0.81 (0.59-1.12) 1.07 (0.81-1.41) 1.17 (.83-1.65) 1.35 (0.97-1.88)
CMS na na na na
FDA 0.22 (0.05-0.96) 0.35 (0.10-1.27) 1.12 (0.26-4.76) 3.26 (0.91-11.69)
HRSA 0.35 (0.14-0.88) 0.45 (0.20-1.04) 0.50 (0.19-1.31) 1.96 (0.90-4.28)
IHS 0.32 (0.13-0.81) 0.33 (0.11-.99) 0.82 (0.27-2.45) 1.70 (0.68-4.22)
NIH ref ref ref ref
OGC 1.35 (0.64-2.87) 1.24 (0.59-2.61) 1.75 (0.76-4.03) 3.78 (2.03-7.03)
OS 1.40 (0.94-2.09) 2.11 (1.47-3.02) 3.47 (2.12-5.67) 3.90 (2.48-6.14)
SAMHSA 0.18 (0.07-0.77) 0.20 (0.06-.60) 0.86 (0.26-2.80) 0.65 (0.31-1.38)
Other job characteristics
Job rank 0.66 (0.57-0.77) 0.75 (0.71-0.79) 0.87 (0.75-1.04) 0.83 (0.81-0.85)
Hours per week on tobacco control 1.81 (1.54-2.14) 1.38 (1.36-1.40) 1.02 (1.00-1.04) 1.11 (1.10-1.13)
Years in tobacco control 1.18 (.99-1.26) 1.16 (1.14-1.17) 1.09 (1.08-1.11) 1.09 (1.07-1.10)
Structural similarity (mutuality)
Agency affiliation 13.04 (11.04-15.40) 3.47 (3.03-3.98) 4.70 (4.10-5.40)
Job rank 2.76 (2.33-3.26) 1.16 (0.96-1.39) 1.16 (0.96-1.41)
Hours per week on tobacco control 6.36 (5.40-7.49) 3.05 (2.57-3.61) 1.70 (1.43-2.02)
Years in tobacco control 1.57 (1.23-1.99) 1.04 (.82-1.33) 0.81 (.64-1.04)
Social cohesion
Frequency of contact 36.68 (34.18-39.35) 19.57 (12.91-29.67)
Global terms
GWDSP 0.93 (0.92-0.94)
GWESP 2.48 (2.37-2.59)
GWODegree 0.05 (0.04-0.07)
GWIDegree 2.18 (1.46-3.25)
Model fit
Goodness-of-fit 61.9% 65.7% 81.0% 87.6%
Figure 1. Network of influence ties among Department of Health
and Human Services tobacco control professionals. A link from
A→B indicates that A nominated B as influential. Node size
shows how many influence nominations were received by each
individual
Figure 2. Model fit comparing observed network characteristics
(black lines) and simulated network characteristics (boxplots) for
the distribution of edge-wise shared partners (ESP) for each
model tested as a demonstration of the increase in model fit
across the four models.
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The odds ratios and confidence intervals for Model 4 in Table 2 iden-
tify the specific individual, dyadic, and network characteristics signifi-
cantly contributing to influence among the Department of Health and
Human Services tobacco control professionals. Significant factors
included several of the individual attributes, the structural similarity
terms for agency affiliation and time per week spent on tobacco control,
the social cohesion term (frequency of contact), and all of the global
structural terms. The sections that follow examine the strength and
direction of the relationship between each significant predictor and
influence.Structural centrality
Our results were partially supportive of hypothesis 1, which stated
that network members from agencies with dedicated tobacco control
offices (Centers for Disease Control and Prevention; National
Institutes of Health), higher job ranks, and more time devoted to tobac-
co control would be more likely to be influential. With the highest job
classification coded as 1 and the lowest coded as 3, the protective odds
ratio for job rank (OR=.83; 95% CI=.81-.85) indicates that, for every
one unit decrease in job classification score there was a 17% decrease
in the likelihood of an influence nomination. So, Branch Chiefs were
17% less likely to be influential than Directors, and Other job classifi-
cations were 34% less likely to be influential than Directors. Spending
more hours per week (OR=1.11; 95% CI=1.10-1.13) and more years
overall (OR=1.09; 95% CI=1.07-1.10) on tobacco control were both
associated with an increased likelihood of influence. Specifically, for
every one unit increase in hours per week spent on tobacco, an individ-
ual was 11% more likely to be identified as influential. Similarly, for
every one unit increase in years in tobacco control, an individual was
9% more likely to be influential. Two specific agencies also demonstrat-
ed significant main effects for structural centrality (Office of the
General Council, Office of the Secretary). Compared to those working
for the National Institutes of Health (the reference group), individuals
at the Office of the General Council and Office of the Secretary were
3.78 (95% CI: 2.03-7.03) and 3.90 (95% CI: 2.48-6.14) times more likely
to be nominated as influential, respectively. 
So, while higher job rank and more time in tobacco control were
associated with higher likelihood of influence, employees of the agen-
cies with tobacco control offices were not more likely to be influential.
Instead, they were no different from employees of most the agencies,
and less likely than members of two of the agencies. Significant results
for agency affiliation and hours per week in tobacco must be interpret-
ed with caution given the significant structural similarity terms for
each of these; structural similarity terms are higher-order dyad-level
terms.Structural similarity
Hypothesis 2, which stated that network members sharing certain
characteristics (job rank, agency affiliation, time in tobacco control)
were more likely to be mutually influential than those not sharing
these characteristics, was also partially supported. The agency affilia-
tion and hours per week similarity terms were positive and significant.
Having the same agency affiliation increased the likelihood of mutual
influence nomination by 4.70 times. Working the same hours per week
increased the likelihood of mutual influence 1.70 times. Working the
same number of years in tobacco control and having the same job rank
were not significant predictors of mutual nomination. So, two network
members who were both working for the Centers for Disease Control
and Prevention would be 4.70 times more likely to nominate each other
as influential as two network members working for two different agen-
cies. Likewise, if two network members were both working full-time on
tobacco control they would be 70% more likely to nominate each other
as influential as a full-time tobacco control professional and someone
spending a portion of their time on tobacco.
Structural cohesion
Hypothesis 3 stated that network members who communicated more
frequently were more likely to nominate each other as influential com-
pared to those not communicating as often. This hypothesis was sup-
ported. The network predictor of contact frequency was positive and
significant (OR=19.57; 95% CI: 12.91-29.76), indicating a very strong
association between influence and contact. Specifically, for every one
unit increase in the frequency of contact between two network mem-
bers, the likelihood of influence nomination increases more than 19
times. If two network members had weekly contact, they would be 19
times more likely to have an influence nomination between them as
two network members communicating on a monthly basis.Global structural terms
The significant odds ratio of 0.93 for GWDSP indicated that unlinked
dyads were generally unlikely to have shared influence links to others.
That is, there is an overall lack of structural similarity in the network
once local terms are accounted for. The significant odds ratio of 2.48 for
GWESP indicates an increased likelihood for connected dyads to have
links to the same other network members. This is an indicator of some
clusters of influence beyond what was accounted for by local terms.
Finally, the GWIDegree term was significant and greater than one, indi-
cating that after accounting for local terms; individuals were more like-
ly than chance to have many influence nominations. GWODegree also
had an odds ratio less than one, indicating that individuals were less
likely than chance to make numerous influence nominations once local
terms were accounted for.
Discussion
Network approaches have been used to examine influence, which is
an inherently relational concept. Network theories such as diffusion of
innovations and social structural influence theory have associated
influence with characteristics of individuals, dyads, and network struc-
tures. Unlike standard network methods, recent advances in ERGM
allow for hypothesis testing to determine whether such characteristics
and structures in an observed network explain differences between the
observed network and a random network of the same size.51 We used
this unique stochastic approach to examine how the characteristics of
individuals, their relationships, and global network structures aid in
explaining influence in a network of public health leaders. Most stud-
ies of influence in networks rely on examining networks comprised of
social ties such as communication or friendship. In contrast, we meas-
ured perceived influence directly through a survey question about pro-
fessional influence. In doing so, the network models developed in this
study not only contribute to a better understanding of influence among
government leaders, but may also add to, and aid in validating, existing
literature explaining influence in social networks.
The statistical network model of influence among professionals
working across all 11 agencies of the Department of Health and Human
Services identified significant contributions from individual attributes,
structural similarity, and social cohesion in predicting influence nomi-
nations. Specifically, we found that individuals who shared characteris-
tics, like agency affiliation and time spent on tobacco control, and com-
municated with one another more frequently were more likely to be
seen as influential by their peers in the public health leadership.  In the
context of occasional criticism of government for being out of touch or
making decisions without knowledge of a particular content area, these
results suggest that – at least with respect to tobacco control - organi-
zations within the Department of Health and Human Services valued
expertise and organizational communication in the process of meeting
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the nation’s public health needs. 
While we did not directly test network diffusion of innovations or
threshold models, based on our results, these theories might predict
that a new innovation or idea adopted by a full-time tobacco control pro-
fessional at the Centers for Disease Control and Prevention might first
spread among influence ties throughout the Centers for Disease
Control and Prevention and among full-time tobacco control profession-
als across the network. Depending on how many of the network mem-
bers adopted the idea, thresholds for adoption among others in the net-
work might eventually be met and facilitate additional spread of the
idea or innovation throughout the network. The primary limitation of
this study is that it is cross-sectional. In addition, there may be vari-
ables that were not included in this study, like shared employment his-
tory,52 that help to drive perceptions of influence.
Given the role of the DHHS as a national leader in United States
tobacco control, it is important to understand existing patterns of influ-
ence across the network, how they may facilitate the adoption of new
ideas and strategies nationwide, and how they may shift over time. For
example, consider the role of the National Institutes of Health (Table 1)
in the Department of Health and Human Services and in this network
(Figure 1; Tables 1 and 2). The majority (n=11) of National Institutes
of Health participants in the network were from the National Cancer
Institute, which is housed within the National Institutes of Health.
Traditionally, tobacco control professionals at the National Cancer
Institute primarily work on the discovery end of the Discovery-
Development-Delivery continuum, while tobacco control professionals
at Centers for Disease Control and Prevention and Agency for
Healthcare Research and Quality focus more on development and deliv-
ery. Specifically, National Cancer Institute tobacco control profession-
als work in an organization funding the generation of much of the data
upon which development and delivery efforts are subsequently based.
Currently, the National Institutes of Health are considering moving
addiction-related activities from across the National Cancer Institute,
National Institute on Drug Abuse, and National Institute on Alcohol
Abuse and Alcoholism into a newly created substance abuse and addic-
tions institute by 2014 (http://feedback.nih.gov). Such a shift will result
in numerous structural changes across the network. If the relocation
occurs, interpersonal ties facilitating the communication of tobacco-
related discovery from National Cancer Institute to Centers for Disease
Control and Prevention and Agency for Healthcare Research and
Quality would likely change and new ties would form between the
Centers for Disease Control and Prevention, the Agency for Healthcare
Research and Quality, and the new institute. 
Because frequency of contact is associated with influence, changes
in communication structures could result in entirely new patterns of
influence among individuals and agencies involved in Department of
Health and Human Services tobacco control leadership. Changes in the
distribution of job rank and other characteristics of individuals
involved in tobacco control would also likely occur (e.g., individuals
moving from one organization to another) and would further change
the influence structure of the network. These sorts of structural
changes should be considered as re-organization plans are developed.
In addition to aiding the Department of Health and Human Services in
its organization efforts, this study has relevance to other government
organizations because it highlights relationships involved in decision-
making processes relevant to government effectiveness. It is not clear
that the network relationships observed in the current study generalize
to other health problems, or government agencies, but our results pro-
vide metrics for measuring communication and collaboration that can
serve as a foundation for future efforts designed to make the govern-
ment function more effectively.
Finally, in addition to the Department of Health and Human Services
playing a leadership role in tobacco control nationally, it has the poten-
tial to play a leadership role in tobacco control globally.54 This role is
especially important, as new global initiatives are being developed to
address non-communicable diseases.55 To fulfill these leadership
opportunities, the Department of Health and Human Services needs to
have well-coordinated decision-making processes and effective leader-
ship structures in place. Understanding influence across the network is
one piece of the puzzle to consider when making strategic organiza-
tional decisions that would allow the Department of Health and Human
Services to become a global leader in tobacco control.
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